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Evaluation: computer vision on the edge

Model: YOLOv (object detection)
Target: NVIDIA Jetson Nano

Objectives: throughput, latency, accuracy,
energy

Params: model size, quantization, batch size,
tactic, workspace size
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Evaluation: computer vision on the edge

Model: YOLOv (object detection)
Target: NVIDIA Jetson Nano

Objectives: throughput, latency, accuracy,
energy

Params: model size, quantization, batch size,
tactic, workspace size

14 optimal configs
-89% energy =¥ -23% accuracy
+18% accuracy =» +800% energy
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Evaluation: LLM serving

Model: Qwen 2.5
Target: NVIDIA A100 SXM

Objectives: latency, accuracy, energy, VRAM
usage

Params: model size, quantization, context
length, runtime (vLLM, ONNX, torch compile,
python)
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Evaluation: LLM serving
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Params: model size, quantization, context
length, runtime (vLLM, ONNX, torch compile,
python)

runtime

19 optimal configs
-90% energy =¥ -11% accuracy
+8% accuracy =» +200% energy

Normalized importance
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Evaluation: HPC benchmark experiment

Model: CNN-LSTM (ClimateBench)
Target: Frontier (AMD Instinct MI250X)

Objectives: inference break-even point,
parallel HPO vs. parallel training

Params: model architecture, learning rate,
batch size, precision
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Evaluation: HPC benchmark experiment

# iterations | HPO energy cost (J) | Best NRMSE | Break-even
. inferences
Model: CNN-LSTM (ClimateBench)
Target: Frontier (AMD Instinct MI250X) 1 227.0 1.1402 479
15 1790.5 1.1172 7423
29 3348.5 1.0816 12912

Objectives: inference break-even point,
parallel HPO vs. parallel training

Bubble size = Cumulative Training Energy

Params: model architecture, learning rate,
batch size, precision

—— Parallel HPO
—— Parallel Training

best model trade-off at 2000J energy cost for
HPO repaid in ~7000 inference requests
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